Abstract. The e¢ciency of speculative markets, as represented by Fama's 1970 fair game model, is tested on weekly price index data of six Asian stock markets -Hong Kong, Indonesia, Malaysia, Singapore, Taiwan and Thailandusing Sherry's (1992) non-parametric methods. These scientific testing methods were originally developed to analyze the information processing e¢ciency of nervous systems. In particular, the stationarity and independence of the price innovations are tested over ten years, from June 1986 to July 1996. These tests clearly show that all six stock markets lacked at least one of the two required fair game attributes, and, accordingly, Fama's E¢cient Market Hypothesis must be rejected for these Asian markets. However, Singapore emerged from these tests as the most e¢cient regional Asian stock market. A tentative ranking in order of stock market e¢ciency is: Singapore, Thailand, Indonesia, Malaysia, Hong Kong and Taiwan. Singapore's stock market pricing is closest to the speculative market behavior which can support stock options. Our tests show both Hong Kong and Taiwan to be ine¢cient markets. Both exhibit non-stationary (likely because of continuing institutional changes) and dependent price innovations, making them particularly unsuitable for stock option pricing. In Taiwan the weekly price innovations show even higher order (Markov) dependencies. Although the price innovations in Malaysia, Thailand and Indonesia are at least stationary at the weekly level, they exhibit regular higher-order transitions and the large sustained movements in both bull and bear markets, which are so characteristic for illiquid emerging markets. All six Asian stock markets exhibit strong price trend behavior, which, perhaps, can be profitably exploited by technical analysis with first-order Markov filters (e.g., Kalman filters) in windows of between a week and more than a month.
INTRODUCTION
E¢cient stock markets exhibit lower transaction costs and improved transaction speeds compared with ine¢cient markets. These conditions often act as incentives to increase capital flows and attract international investments, thereby enhancing regional economic growth. In an e¢cient stock market, prices "fully reflect" all current information on share values so that no gains from trade can be made with publicly available information. Therefore, stock prices only change in response to new information, which is unpredictable. If such successive price changes are Date: December 20, 1998 . I thank my students Tham Yein Mei, Azor Heng Miang Tse and Fong Yuen Chang for their tireless e¤ort to gather data and to produce the massive computations and graphs in 1996-97. I also very much thank Professor James B. Ramsey of New York University for his recent expert guidance to the relevant academic literature. This paper has been presented at the Quantitative Methods in Finance 1998 Conference, December 14 -17, 1998 , in Manly, Sydney, Australia. stationary (i.e., the underlying pricing processes do not structurally change) and independent, a stock market is said to present a fair game [12] .
This importance of e¢cient and fair stock markets to assist increased capital flows has prompted considerable research in the past two decades on stock markets in developed economies. But as the 1994 Mexican and 1997 Asian financial crises and their astounding mis-valuations demonstrate, still abysmally little is known about how markets truly work in developing countries and about their relative market e¢ciency. This paper makes a first attempt to resolve that situation by testing for random walk e¢ciency of the emerging stock markets in six Asian countries: Hong Kong, Indonesia, Malaysia, Singapore, Taiwan and Thailand in the period June 1986 to July 1996 (i.e., before the important structural discontinuity of the Asian financial crisis in 1997).
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For example, tested on daily data, the S&P500 Index in the U.S., which is an index containing 500 stocks, appears to follow a random walk [ [46] , pp. 21-56; 91-92; 113-160; 172-202]. Its price changes, or innovations, appear to be stationary and independent and the S&P500 index may thus follow an e¢cient and fair market pricing process.
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In contrast, also tested on daily data, the Dow Jones Industrial Average Index (DJIA), which is an index of only 30 stocks traded on the New York Stock Exchange, is nonstationary, based on the same nonparametric testing approach [ [46] , pp. 62-64]. The DJIA is maximally uncertain and unpredictable.
This paper attempts thus to answer a very simple question: are the Asian stock markets e¢cient and fair games, or are they ine¢cient and unfair games, based on Sherry's nonparametric tests? Sherry's tests were developed for testing information processing by the nervous system. These non-parametric tests were originally developed over a …fteen year period by Cli¤ord J. Sherry, a Senior Scientist of Systems Research Laboratories, Inc., to study information processing in the nervous system.
It appears that most of the Asian stock price indices are not entirely e¢cient, probably since they include relatively small numbers of stocks. In addition, from time to time, noticeable abnormally profitable (or losing) deviations from e¢ciency exist and regime changes introduce discontinuities and thus nonstationarity. The current institutional characteristics of the developing equities markets of Asia are very di¤erent from the ones in the developed ones in North America or Europe. In Asia there have been occasional high investment returns, but there are also very high volatilities and there is small capitalization, limited liquidity, and high 1 Some early work on the e¢ciency testing of the stock market in Singapore can be found in [2] , although that research was not concerned with testing the random walk hypothesis. When the Spanish stock market is also considered to be an emerging stock market [38] , our paper may not be the …rst to test the random walk hypothesis for emerging markets per se, although it is still the …rst for Asian emerging stock markets.
2 But see the next section where the review of the literature reveals considerable doubt about that …nding. Since [46] publishes all his daily and monthly test data, comparative studies using more sophisticated forms of signal processing, like wavelet analysis, can be easily executed. transaction costs [10] , [32] . 3 But limited financial liberalization is improving the e¢ciency of these markets [1] .
The remainder of this Introduction briefly reviews the literature relevant to the background, context and objectives of this paper, followed by a discussion of the summary characteristics of the weekly price change data collected from the six Asian stock markets, and is concluded with a detailed discussion of Sherry's overall methodology. In the following sections, Sherry's procedures are presented in the form of easy to follow recipes. Section 2 presents the visualization of the distributions of the weekly price changes together with the all important stationarity tests. Section 3 presents a battery of serial independence tests: tests on di¤eren-tial spectra, on Relative Price Change Transition (RPCT) arrays, on the duration of trading windows, on Category Price Change Transition (CPCT) arrays and on the Markov analysis of the CPCT arrays. Section 4 discusses the (ir)relevance of testing for randomness. The results of all these testing procedures are summarized in Table 12 and discussed in Section 5.
This paper finds that on the basis of a thorough analysis of the weekly price changes all six Asian stock markets are ine¢cient and do not exhibit random walk behavior. The stock markets of Hong Kong and Taiwan are signi…cantly nonstationary, while the stock markets of Indonesia, Malaysia, Singapore and Thailand are stationary, but show significant serial dependencies.
1.1. Review of the Literature. The literature of the past three decades also shows that there is very little agreement not only about the form of the data of speculative markets, like stock markets or foreign exchange markets, but also about the pricing mechanisms that generate them. This lack of agreement is due neither to a lack of interest nor to a lack of imagination to analyze these data. The data generating mechanisms are very complex and evolving over time. Still, it is slowly but surely becoming well established that these speculative price data are not randomly generated and contain a lot of structure, actually more than either weak nonparametric tests or (too) constraining parametric tests can reveal.
The most recent statistical evidence, based on highly sophisticated signal processing analysis, shows that the underlying structure of such speculative data is more like that of speech generating mechanisms or that of complex neural information processing mechanisms, as Sherry suggests. The data come in small bursts of energy and show many discontinuities and jumps.
Therefore, the simplifying assumptions of the parametric econometric ARIMA, VAR and ARCH models, like stationarity of unconditional variances and covariances, are clearly violated.
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The literature on the e¢ciency of speculative markets largely developed from research on such markets in developed economies, and mostly within the context of violations of parametric correlation analysis or of 3 In the early 1990s the mistaken impression existed that the emerging markets were always high return markets. However, The Economist already reported on February 22, 1997 (before the currency break in July 1997), that since 1994 the stock markets in the developed world, as measured by the MSCI World Index, gained more than 40%, while the emerging stock markets, as measured by the IFC investable Index, lost about 10% in the same period. Emerging markets are highly volatile and exhibit very highly positive and negative returns. On average, the returns are moderate. 4 For an extensive and excellent overview of the parametric approaches to the speculative …financial markets, see [6] .
Fourier type spectral analysis [7] , [37] . In the past three decades, there has emerged a succession of three partially overlapping research questions:
(1) What distributions of the data are generated by these speculative markets? There is now overwhelming evidence that they are clearly not Gaussian, or Studentt, or normal mixtures, or even symmetric, as had been originally hypothesized in, for example, [8] , [11] , [5] . The evidence appears to argue for mixtures of skewed distributions. Furthermore, the parameters of the proposed distributions tend to vary over time [29] . Thus the next question became: (2) What is the degree of temporal dependence?
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There is some evidence for correlation between the first di¤erences of the price data generated by stock markets [12] , although not so much for those of foreign exchange markets. This line of research led to more detailed parametric ARIMA analysis [36] and a revaluation of much earlier attempts at power spectral analysis of stock market prices [42] , [17] , both being forms of linear analysis. Spectral analysis shows the typical spectral shape of financial data: high power at very low frequencies and rapidly declining thereafter, a shape that may be consistent with geometric Brownian motion. However, recent evidence based on nonlinear analysis shows substantial nonlinearities in the speculative pricing data from developed markets [41] . 6 This demonstrates that such speculative financial data series cannot be the result from random walks or from geometric Brownian motions, nor from "mean reverting" processes, i.e., sums of a unit root process and a stationary process [28] , [27] , [24] .
This evidence has led, finally, to the recognition that stationarity of financial time series often has been assumed and not been corroborated and that the possible presence of time localized patterns in the data structure, e.g., the transients, has been ignored. Thus very recent the focus has been on the fundamental statistical research question: (3) What is the degree of stationarity of the data by speculative markets? It is well known that the variances of stock market prices show heteroskedastic behavior, which originally led to (G)ARCH modeling [40] , [4] , [26] . However, the legitimacy of the (G)ARCH modeling relies on the existence of unconditional (co-)variance stationarity. Both [39] and [29] demonstrate that such covariance stationarity for stock market and foreign exchange data even over short periods of time is implausible, both at monthly intervals and at daily intervals of sampling. In the current paper we'll show that, based on relatively weakly powered nonparametric analysis, it is also implausible for weekly intervals in at least two out of the six Asian stock markets.
In terms of statistical characteristics, it emerges from the recent literature that the data generated by speculative markets show skewed and leptokurtic (peaked) distributions (i.e., the third and fourth moments are important). Moreover, time windowing shows that the data are highly nonstationary: the skewness changes over time. We find some evidence of these non-Gaussian moment values in our data. But most damaging is , perhaps, that there is very little evidence for almost any frequency (i.e., temporal dependency) to hold over an entire time sequence of data points, although many "special day of the week" and "end of the month" quasi-periodicities are apparently observed by financial analysts [9] .
There is also evidence of Dirac delta functions representing impulses, or shocks, to the market systems, that seem to cluster, more than would be expected under the hypothesis of random variation. The bulk of the power of speculative markets appears to be in such "chirps." In short, such markets generate highly complex data and show considerable nonlinear structure.
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These recent statistical …ndings clearly violate the assumption of simple random walks. But what about geometric Brownian motion, which underlies such celebrated option valuation models as the Nobel Prize winning Black and Scholes model?
The current conventional wisdom is that stock market prices show some evidence of such exponential motion in their rates of return, based on similar forms of analysis.
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But several papers indicate that, at various time scales of tick-by-tick, daily, weekly and monthly data, and mostly based on parametric correlation analysis, there are observable di¤erences from the hypothesis of approximately geometric Brownian motion, since the observed data contain more structure than such motion justi…es [14] , [13] , [15] , [16] , [19] , Because of these peculiar characteristics of speculative markets, two statistical analysis approaches have successively evolved: the non-parametric approach to falsify the hypotheses of the random walk and the geometric Brownian motion, as by [46] and [18] , and the most recent approach to establish the precise data characteristics by using wavelet analysis.
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This latest work is based on work by signal processing engineers and mathematicians.
In this paper we apply the relatively agnostic, primarily falsifying, non-parametric approach of [46] to test for the stationarity of the distributions and for serial independence. The raison d'être is that Sherry's approach does not make excessive demands on the data and does not require knowledge of the detailed structure of the data generating pricing processes. This is su¢cient for our current purpose of demonstrating that the Asian stock markets are not following random walks, since some show nonstationarity and all show some form of systematic dependencies between the price changes.
Data.
In this paper we analyze the weekly pricing in the six Asian stock markets, as measured by their respective market indices in the past ten years, from July 1986 to June 1996. The weekly data for the Jakarta Stock Exchange range actually from January 1988 to June 1996, and the data for the Stock Exchange of Thailand from July 1987 to June 1996.
The weekly data frequencies are the highest frequency data we could obtain on a on a comparable basis and for a su¢ciently long period of time, in addition to monthly data. Weekly data are often used by mutual fund (unit trust) managers for investment decisions and trading. Furthermore, when we do monthly tests, we 7 A wonderful, highly informative and amusing, anecdotal and historical account of such typical market phenomena can be found in [25] . 8 The computation of rates of return from price indices is a stationarity inducing operation, i.e., the rates of return or relative first di¤erences show a more stationary behavior than the direct di¤erences of random walks. 9 One of the most sophisticated examples of such wavelet analysis in the (very) recent literature was brought to my attention by Professor James Ramsey of New York University. In that paper a matching pursuit algorithm is used to implement dictionaries of Gabor waveforms to decompose the 16384 daily observations Standard and Poor's 500 stock price index from January 3rd, 1928 to November 18th, 1988 [44] , [34] . A wave form dictionary is class of transforms that generalizes both windowed Fourier transforms (spectrograms) and wavelets (scalograms).
…nd that for the monthly frequency the price changes of …ve out of the six Asian stock market show signi…cant nonstationarity. Only the monthly Malaysian stock market price changes are stationary. This is in contrast with the weekly data in this paper where only two out of the six Asian stock markets showed signi…cant nonstationarity in their price changes. But, the weekly price change data showed more higher order transition and translation dependencies than the monthly data.
The following six price indices are used to conduct the nonparametric e¢ciency tests:
1. Hong Kong: the Hang Seng Index, which is a capitalization-weighted index of 33 companies, representing approximately 70 percent of the total market capitalization of the Stock Exchange of Hong Kong. This index had a value of 975.45 as of January 13, 1984. 2. Indonesia: the Jakarta Composite Index, which is a capitalization-weighted index of all the stocks listed on the Jakarta Stock Exchange. The index had a base value of 100 as of August 10, 1982. 3. Malaysia: the Kuala Lumpur Composite Index, which is a broad-based capitalization-weighted index of 100 stocks designed to measure the performance of the Kuala Lumpur Stock Exchange. The index had a value of 95.83 as of January 3, 1977. 4. Singapore: the Straits Times Industrial Index, which is a price-weighted index of 30 stocks traded on the Stock Exchange of Singapore, compiled by The Straits Times newspaper in Singapore. The index had a base value of 100 as of December 30, 1966. 5. Taiwan: the Taiwan Stock Exchange Index, which is a capitalization-weighted index of all listed common shares traded on the Taiwan Stock exchange. This index had a base value of 100 as of December 30, 1966. 6. Thailand, the Bangkok SET (Stock Exchange of Thailand) Index, which is a capitalization-weighted index of all the stocks traded on the Stock Exchange of Thailand. The index had a base value of 100 as of April 30, 1975 .
A summary of the values of the first order di¤erences, or price changes, of these weekly stock market price indices is found in Table 1 .
Notice, first, that all price changes have positive means, indicating that, on average over these ten years, stock market prices were rising. All six countries have positive mean innovations on a weekly basis. In particular, the price changes of Hong Kong and Taiwan show substantial positive means, and thus these markets show substantial price index trends. Also notice the mildly negative skewness of all distributions, i.e., with asymmetric tails extending towards negative values, with the exception of Indonesia; and, third, the more than Gaussian positive kurtosis, indicating that these distributions are leptokurtic, i.e., had sharper peaks than Gaussian distributions. to the random walk model, which deals with only the actual sequential price movement over time, Fama's fair game model assumes that the price of an instrument at any point in time would reflect all available information at that point in time.
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Thus, an e¢cient market is represented by Fama's model:
where " j;t+1 = price change, i.e., the di¤erence between actual price P at time t and the expected price at time t + 1 for instrument j; and © t = the set of information assumed to have been reflected into the price P of instrument j at time t. This simple model implies that the market does not produce excess market value for instrument j at time t + 1 based on the information set © t at time t and therefore the market pricing process represents a fair game".
The interesting question is, of course, what is in the crucial information set © t ? In this paper only the historically observed value of stock index j and its observed accumulated distribution at time t is taken as the available and relevant information set © t . Statisticians all too often presume to know the theoretical distribution of the price changes " j;t+1 . For example, they assume that these price changes follow a parametric normal distribution. A normal distribution can be summarized by two parameters only, its mean and its standard deviation. This paper makes no such parametric distributional assumptions. Sherry's tests are superior to the conventional parametric tests, since they do not require any parametric assumption for the underlying observations generating pricing processes. The only distribution tests used are Chi-square tests, which are nonparametric and compare observed values with theoretically expected values. Their weakness is their relatively low power.
We test for the stationarity and independence of the observed price changes " j;t+1 of the selected stock market indices, as summarized in Table 3 . All computations were executed in EXCEL spreadsheets. 
Here n is the number of bins in the histogram/2.
It is important to emphasize that the following tests were not applied in this paper. In general, they assume stationarity of the underlying time series. Violation of the assumption of stationarity will yield results that are often meaningless. It means that any pattern that you happen to detect is spurious and will not last. In addition, the following tests have their own peculiar shortcomings:
1. Serial and auto-correlation tests, as used, for example, by [12] can test for only linear forms of dependencies, for example sequentialness, periodicity and rhythmicity, and one has to presume the continuity or discreteness of the pricing processes. As Sherry states: "...if the correlation coe¢cient is low, this does not mean that the time series does not contain signi…cant serial depedencies; it merely means that the time series does not contain the type of serial dependencies that correlation tests for." [[46] , p. 5]. Tests based on power spectral analysis fall in the same parametric category, since they are essentially Fourier transforms of the correlation tests which are too specific.
2. Runs and persistence tests are confusing, because it is unclear what exactly is tested. There is no agreement whether runs tests test for divergence from randomness or independence (See also Section 4). In addition, often hard to check normality assumptions are introduced ad hoc, for example, to test Besson's Coe¢-cient of Persistence.
3. Averaging windows are heavily dependent on subjective preferences for the length or duration of the averaging windows. In contrast, this paper tests for the historically observed durations and attempts to determine such durations directly from the data.
4. Pattern detection by densitograms, periodograms (based on Fourier transforms), triggered categorized price histograms and temporal correlograms, introduce, again, largely subjective judgments or restrictive parametrization. These pattern detection techniques would make sense only after the original tests for stationarity and independence have been applied.
STATIONARITY TESTS
A stationary time series is a data series whose statistical properties don't change over time. For stock markets, the trading regime and its resulting pricing process remains consistent. Pattern detection techniques such as moving averages, trend line, serial correlation, work only if the underlying time series is stationary. When time series data are not stationary, the underlying price generating process changes over time and pattern detection techniques yield meaningless results. Any pattern detected would be spurious and would not hold over time.
The following methodology of [ [46] , pp. 12 -20] , is used to test for stationarity:
Step 1. Each data series is first divided into two equal halves (the chronologically earlier half will be addressed as half 1 and the successive half as half 2 ).
Step 2. The data in the two halves are then separated into bins of equal interval size.
Step 3. A cumulative graph of both halves is constructed. Initially we use simple visual assessment to assess stationarity.
Step 4. Insert charts with di¤erential spectra include data points in both halves corresponding to percentile increments of 10%, that is, we plotted the 10%; 20%; 30%; ::: data value for half 2 against half 1. Using a 45 0 line to indicate equality between the two halves, we test for deviation from the 45 0 line against both halves.
Step 5. Finally, Chi-square tests were conducted on these di¤erential spectra. To do so, the bin intervals for half 1 were obtained for cumulative percentiles of approximately 10% (i.e., we obtained the intervals for 10%, 20%, 30%; :::; 90%). These bin intervals were then used as reference bins in half 2 to …nd the respective percentiles associated with each of these bin references. The di¤erence between each percentile in half 1 was then compared with the half 2 percentile di¤erences using the Chi-square test.
2.1. Visualization of (Non-)stationarity. The cumulative distributions and percentile graphs of the weekly price index changes for the six stock markets are presented in Figures 1 -6 . In the S-shaped cumulative frequency charts the (blue) blocks indicate the observations of the half 1 bin, while the (red) line represents the observations of the half 2 bin. When the S-shape is symmetric, the underlying distribution is symmetric. All S-shapes show longer negative tails, i.e. negative skewness, except Indonesia (Fig.2) , which shows positive skewness (Cf. also the summary statistics of Table 1.) .
When the S-shape shows almost straight angles, the distribution is more leptokurtic. A smoother and more stretched out S-shape indicates less kurtosis. In the case of Hong Kong (Fig. 1) , Malaysia (Fig. 3) and Thailand (Fig. 6) , the distributions show more leptokurtosis in the 1990s half 2, than in the 1980s half 1. These markets became more unpredictable. Only in the case of Taiwan, the leptokurtosis decreased over the same period, while simultaneously the volatility decreased and Taiwan's stock market became thus more predictable. Also notice the very irregular and non-smooth S-shape of Taiwan's cumulative distribution. These changes in kurtosis corroborate some of the recent statistical …ndings reported in the literature (See Section 1.1). In the smaller insert charts, the (red) line indicates the 45 0 line, while the (blue) blocks are the 2-dimensional observations on the matched percentiles of the half 1 and half 2 bins. When these interconnected blocks deviate from the 45 0 line, the distributional characteristics of half 2 are di¤erent from those of half 1. We visually observe that four of the six stock markets exhibit stationarity, except Hong Kong ( Fig.1) and Taiwan (Fig. 5) , and, perhaps, Malaysia (Fig. 3) . If the insert has a plotted line above the 45 0 line it means that the half 2 bin has price changes that are larger in magnitude than in the half 1 bin. This means that the stock market price changes in the 1990s were considerably larger in Hong Kong and Taiwan, and, perhaps, Malaysia, than in the 1980s. Their distributional characteristics changed. The pricing mechanisms of these stock markets were nonstationary. In contrast, the charts for half 1 and half 2 in Singapore (Fig. 4) and Jakarta (Fig. 2) Malaysia's test results proves surprising, given the visual indication of nonstationarity. 
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INDEPENDENCE TESTS
The independence tests attempt to determine if the price changes " j;t+1 are independent of one another. If these price changes are found to be serially dependent, we can, based on the current stock market index, predict what the near future stock market prices will be. You can use this information to forecast what the index will be next week or next month. Then technical analysis can be applied to identify pro…table weekly trading rules. In contrast, when the price changes are independent, such a technical trading strategy will not work (despite the seductive Gambler's Paradox). When the weekly price changes are independent, such trading rules would not produce supra-normal pro…ts and losses. The stock markets would be deemed e¢cient pricing mechanisms, or fair games, like fair roulette wheels or crap games with fair dice.
Because this is such a crucial issue for the determination of the e¢ciency of the Asian stock markets, and the livelihood of financial analysts in Asia, an extensive battery of tests is employed, since no single scientific test is infallible. This paper discusses the di¤erential spectra, the relative price changes, compute category price change transition (CPTC) arrays and we conduct a Markov analysis of these CPTC arrays.
3.1. Di¤erential Spectra. The di¤erential spectrum is a method that allows you to make one pass through the time series and determine if the entire series is independent or not. One has to allocate the data to pre-specified bins. The choice of the bin width is arbitrary, but it a¤ects both the sensitivity and computational e¤ort. In general, as the bin-width increases, the sensitivity of the di¤erential spectrum increases and the probability of detecting divergence from independence increases, but the computational e¤ort increases geometrically.
14 Thus, there is a trade-o¤ between sensitivity of the test and the computational e¤ort involved. Of course, the bin width should not be smaller than the minimum possible price change. In signal processing terms, don't oversample, nor undersample.
Following again the example of [ [46] , pp. 86 -91], the following recipe to form di¤erential spectra is used to test for independence :
Step1. The price changes " j;t+1 are allocated to pre-specified bins.
Step 2. The positive price change bins are paired with the negative price change bins to ensure a symmetric matching of bins. Thus the bin for 0 to 1 is matched with the bin -1 to 0.
Step 3. Using the following Chi-square test based on the frequencies of the items in the bins
Expected frequency (3.1)
The positive price changes are used as observed values and the negative price changes as the expected values. Here n is half the number of bins in the histogram. The critical value of the test is thus dependent on the number of symmetrical bins used, but not on the number of original data points T . If the price changes " j;t+1 are independent, the distribution of the weekly price changes around the zero point should be symmetric. But if this distribution is not symmetric, the price changes are not independent and they contain some type of serial dependence.
The di¤erential spectra are collected in Figures 7 -13 , while the Chi-square test results are collected in Table 4 . Notice that the bin widths for the price changes of the various indices must di¤er, since the magnitudes and frequencies of the price changes in the various stock markets are quite di¤erent from each other, re ‡ecting the di¤erent institutional arrangements and capital liquidities.
No …rm conclusion can be drawn from simple visual inspection of Figures 7 -13 , except that the observed price changes for most markets appear to be larger in the range of medium-sized magnitudes, suggesting that not only are the positive weekly price changes larger in magnitude than the negative ones, but that there are more of them in the medium-sized magnitude range. See for example the di¤erential spectra of Hong Kong (Fig. 7) and Singapore (Fig. 10) . The observed values of the observed positive price changes in Taiwan (Fig. 11 ) appear to be larger in magnitude than the expected negative price changes. In Indonesia (Fig.  8 ) the observed small positive price changes appear to be more prevalent than the expected small negative price changes. All these spectral di¤erences suggest considerable unexpected amount of residual structure and dependence, although these structural dependencies are rather subtle. 3.1.1. Chi-square Test Results. The Chi-square test results of comparing the differential spectra are collected in Table 4 . The bin widths for the price changes of the various indices di¤er and thus the number of bins=2 = n. Consequently, the critical values against which the Chi-square results are compared must di¤er from Figure 11 . The weekly stock market price index changes in Hong Kong and in Malaysia exhibit signi…cant dependence, whilst the time series underlying the equity markets of Singapore, Taiwan, Thailand and Indonesia are insigni…cantly dependent, according to this di¤erential spectrum test. Again, we emphasize the low power, and conservatism, of the Chi-square test, which cannot discriminate between the various subtle visual di¤erences in the di¤erential spectra. This test does not easily reject the hypothesis of independence, so, when it does, it is a signi…cant …nding. Figure 13 . 3.2. Relative Price Change Transition Arrays. One shortcoming of the differential spectrum is that it only decides whether price changes are independent and fails to identify the type of serial dependence that may be present. The relative price change method assists in determining the type of serial dependence and the duration of the temporal window during which the dependency exists.
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The following test recipe is used to form relative price change transition arrays to test for independence, with the theoretical relative frequencies or probabilities of occurrence in Tables 5, 6 Step 1. The price changes " j;t+1 are translated into a series of arbitrary symbols using an unvarying rule. We adopt the following rule: a sequential increase in the price change is classi…ed as "2", while a sequential decrease in price change is classi…ed as "1". For example, if the string of price changes is 3,5,4,8, the translated symbols would be "2", "1","2". We exclude ties, when sequential price changes are the same, by then determining the symbol randomly, using the computer's random number generation capability. As a result, the string of symbols will consist solely of either "1"'s or "2"s.
Step 2. The string of symbols of "1"s and "2"s are transformed into transition matrices. For the simple 2 £ 2 digram transition matrix, we specify how often a symbol "i" is followed by a symbol "j" using the notation "ij" for a digram (cell) of the transition matrix, where i and j is either 1 or 2. There are four digrams in the 2 £ 2 transition matrix: 11, 12, 21 and 22.
Step 3. The digram series are counted to obtain the relative frequencies of the digrams "ij"s. The count of the occurring digrams are the observed frequencies for the familiar Chi-square test. The theoretical frequency of occurrence of each digram is given in Table 5,   15 and this probability is multiplied with the total number of 15 The cells of this theoretical relative frequency of occurrence table, multiplied by the number of di¤erent digrams in each row, sum up to unity, i.e. they represent probabilities.
actual price changes to obtain the expected frequency for that digram. For example, a digram "12" has the following expected frequency: expected frequency = (theoretical probability of digram 12) £ (3.2) £(total number of price changes) Step 4. If the obtained Chi-square value is statistically significant, we proceed to generate the 2 £ 2 £ 2 trigram transition array with eight trigrams, otherwise we stop. For the trigram array, the trigram is "ijk", where "i", "j", or "k" are either "1"s or "2"s.
Step 5. Again the series of all possible trigrams will be counted and the results are the observed frequencies to be compared with the expected frequencies in the familiar Chi-square test. The expected frequencies are based on the following corresponding theoretical probability Table 6 . These probabilities are multiplied by the total number of trigrams in the data to obtain the expected frequency for each trigram. Step 6. If the trigram results are significant, proceed to create a 2 £ 2 £ 2 £ 2 tetragram transition array with 16 tetragrams. For the tetragram we now examine four consecutive symbols instead of the three of the trigram.
Step 7. The probability table for the tetragrams is as in Table 7 . Step 8. In principle one can so proceed until the test results are all insignificant and independence is ascertained. However, for the Relative Price Change Transition (RPCT) arrays, which recognize only two categories per possible transition, the empirical results of this paper based on the weekly stock market price index changes stopped already with the digrams, when almost all the results remained statistically insignificant. However, we use the same theoretical probabilities for the trigrams and tetragrams in Section 3.4, when we discuss the test results based on the Category Price Change Transition (CPCT) arrays.
3.2.1. Chi-Square Test Results. Table 8 shows that the Chi-square tests for the RPCT arrays based on the weekly price levels were significant, but those based on the price index changes (important for the random walk hypothesis) for the digram and beyond were insignificant. This supports the earlier findings that weekly price index levels show de…nite serial dependencies because of trend phenomena, which could be pro…tably exploited by technical trading. However, such immediate serial dependencies appear not to exist between successive price changes. Immediate weekly changes in the direction of the market pricing are unpredictable also in all six Asian stock markets, despite their apparent institutional ine¢ciencies. Although the Chi-square test results for the digrams of all six Asian stock markets are insignificant, we've computed the trigram and tetragram transition matrices for all of them to detect if there were longer transition dependencies. For Hong Kong, Malaysia, Singapore, Taiwan and Thailand, the Chi-square values remained insignificant. But, interestingly enough, Indonesia has signi…cant values for the trigram and tetragram transition arrays, despite the insigni…cant result for its digram matrix. On closer examination, we discovered that the Jakarta Index has a statistically significant number of 222 trigrams and 2222 tetragrams. This means that in the ten-year period this stock market price index had a signi…cant number of price increases with each subsequent price increase usually being higher than the preceding one.
In other words, the Jakarta Index is prone to extreme upswings (This observation is to conform the asymmetric cumulative distribution in Fig. 2 , which has an extreme long positive tail). A plausible explanation is that investors in Indonesia are considerably in ‡uenced by previous prices and do not trade primarily on new information. They extrapolate price behavior from the past, in particular when bullish sentiment prevails.
Note that the results for the RPCT arrays and the preceding di¤erential spectra results appear to be in con ‡ict. However, we can resolve this con ‡ict, as follows: differential spectra tests for symmetry about the mean for the underlying (unknown) distribution, whereas transition matrices searches for statistically significant runs in the innovations. Hence, in the context of the two subsequent lines of research in the literature, the first one emphasizing distributional aspects and the second serial dependencies (Cf. section 1.1), it may be entirely possible to encounter a symmetrical distribution of weekly price changes and yet possess a statistically significant number of runs. It also follows that the transition matrix is a powerful test for the detection of serial dependencies.
Length of Temporal Trading Windows.
Instead of looking at immediately sequential price changes, the relative price change transition (RPCT) arrays can also be used to determine the existence, as well as the duration, of a "temporal window" during which the price changes exhibit serial dependencies. A lag-n window examines the existence of serial dependencies between a particular price change with the nth price change. This would mean if a temporal window is identi…ed, a reasoned trading strategy based on pattern detection methods can be devised within the domain of this window. If we trade outside the domain of this identi…ed window, we may become seduced by the Gambler's Paradox, following a "winning streak", which means that in the long run we'll depend on luck and ultimately will lose. In addition, if no temporal window can be identi…ed, technical analysis is useless.
The following recipe is used to test for such temporal windows:
Step 1. Using the same procedure as in the preceding section, the symbol "1" or "2" is assigned to each price change.
Step 2. A lag-n window is generated by pairing the first symbol with the nth, the second with the (n + 1)th, and so on.
Step 3. A lag-n temporal window is determined by tabulating the frequency associated with each transition matrix. These frequencies are used as observed values.
Step 4. The observed values are compared to the temporal windows under independence. The theoretical probability of a "1,1" or a "2,2" occurrence is 1/6 and the probability of a "2,1" or a "1,2" is 2/6, as before.
Step 5. The Chi-square test is carried out. If the Chi-square value is significant, the series is not independent and higher order temporal windows will be developed, otherwise the procedure stops. Here we only report the tests for temporal windows of up to and including lag 5, i.e. a temporal window of one and a half months..
3.3.1.
Chi-square Test Results. The Chi-square temporal window test reveals that the lag-2 digrams for weekly price changes in the first column of Table 9 are all insignificant. But the higher order lags, from lag-3 up to and including lag-5 are significant. A possible explanation is that lags of two weeks (= half a month) do not reveal dependencies, but those around four weeks, or about one month, do. This would indicate an acceptably uncertain monthly periodicity in the stock markets pricing. The periodicity is not precise, perhaps because of di¤erent holidays and other trading interruptions. 3.4. Category Price Change Transition Arrays. Using category price change transition (CPCT) arrays, the underlying stock market price change series can be examined in greater detail than with the relative price change transition (RPCT) arrays of the preceding two sections. One determines if relatively large or small price changes deviate from independence, by categorizing these time series according to a set of predetermined criteria. One can have as many categories as one desires and the categories can be in any fashion, as long as some non-varying rule for categorization is used. It is important to emphasize that if a series categorized by one set of criteria is determined to be independent, this does not imply that a categorization by di¤erent criteria also leads to independence. Thus, in principle, there is an infinite number of ways of categorizing time series to test for independence. Considering the demonstration purpose of this paper, we will only show the results for one particular categorization, although these particular results would probably be insu¢cient evidence. We have not yet found a way to determine what would be a su¢cient number of categorizations, but multiresolution theory of dyadic scaling based on wavelet analysis is likely to provide a suitable answer to this vexing research question. [35] The recipe to form category price change transition matrices to test for independence is again adapted from [ [46] , pp. 131 -140]:
Step 1. The cumulative frequency distribution of the price changes " j;t+1 of Section2. is divided into three parts: the lowest 10% of the series, the next 80% and the highest 10%.
Step 2. Determine in which third each price change " j;t+1 belongs. If a price change belongs to the "ith" portion, we encode it with symbol "i"=1, 2, or 3, i.e. "1" represents the lowest 10% portion, "2" represents the 80% portion, and "3" the highest 10% portion of the cumulative frequency distribution of the series of weekly price changes.
Step 3. The digram category price transition (CPT) matrix is generated by specifying how often a "1", "2" or "3" is followed by "1", "2" or "3". The frequency of occurrence of a symbol "i" is the number of price changes in the "i" portion
Step 4. As before, the theoretical probability of occurrence of each component in the digram is computed and the result is multiplied with the total number of price changes to obtain the expected frequency for that digram. In contrast to the RPCT array, the determination of the probability of occurrence of each digram follows the multiplication rule of classical probability theory for assumed independent occurrences. For example, a "13" digram has the following expected frequency: expected frequency = (theoretical probability of 1) £ (theoretical probability of 3) £(total number of price changes) (3.3) Thus the theoretical probability of our 13 digram is about 0:1 £ 0:1 = 0:01:
Step 5. The usual Chi-square test is again carried out by comparing the observed frequencies with the expected values obtained in Step 4.
Step 6. If the Chi-square result obtained is significant, it implies that the series is not digram independent when categorized in a 10% ¡ 80% ¡ 10% pattern. Hence, we will continue with the trigram and tetragram transition arrays as in Section 3.2. Again it should be emphasized that the categorization in the 10% ¡ 80% ¡ 10% pattern is arbitrary. One could choose another pattern, e.g., 20% ¡ 70% ¡ 10% and construct the digram matrices, followed by the trigram, tetragram, etc.
3.4.1. Chi-square Test Results. Using category price change transition (CPCT) arrays, Table 10 shows that only Singapore's price changes are insignificant for the digram transition. All the other Asian stock markets show significant dependencies, using the 10% ¡ 80% ¡ 10% CPCT arrays. For Singapore, using CPCT arrays, the independence of weekly price changes is not rejected. Thus an investor would not be able to predict weekly stock prices in Singapore, because the price changes are independent, although technical trading based on some extrapolation of trends would still be possible. As Sherry asserts: "It is important to realize that you can make money, especially in the short run, with an independent (and stationary) process. Otherwise gambling establishments would have gone long since out of business." [[46] , p. 86].
These short term trends are eliminated by taking the first di¤erences. Hence, the fact that a market is independent may not necessarily rule out all possible successful filter rules for very short term windows based on price trends. A Kalman filter, for example, uses Markov transitions and exploits some very simple short term symmetric patterns. [20] But independence of market pricing does mean that if you continue to make buy-sell decisions for a long period of time using the same extrapolation rule, you will lose! 3.5. Markov Analysis of CPCT Arrays. Markov analysis was developed by a Russian statistician Andrei A. Markov about a century ago, which permits to specify the level at which serial dependencies exists.
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While in the preceding section, we looked with the digram transition matrices at zero-order Markov processes, in this section we examine higher order Markov processes. An rth-order Markov process means that the probability of occurrence of a specific price change depends on the immediate preceding r price changes. When the price changes " j;t+1 follow a Markov process of the first order, their dependence would have the form: P j;t+1 ¡ P j;t = " j;t+1 = A" j;t +´j ;t+1 ; (3.4) where´j ;t+1 is some form of, unspecified, residual.
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Our recipe for the Markov analysis of the CPCT matrices follows again [ [46] , pp.
-160]:
Step 1 : Start with the test for a zero-order Markov process, as in the preceding section. Since their are, in principle, an in…nite number of ways of categorizing a time series for non-parametric independence tests, in this section a slightly di¤erent categorization is used. Now the time series of the price changes " j;t+1 is divided in approximately equal thirds, i.e., with three 33:33% ¡ 33:33% ¡ 33:33% categories.
Step 2 : The category price change transition analysis is performed as before with the Chi-square test to determine if a zero-order Markov process is significant. The degrees of freedom for a zero-order Markov process is (C ¡ 1)
2
, where C is the number of "states". For example, digrams have C = 2 states so that the degrees of freedom is (C ¡ 1) 2 = 1, while trigrams have C = 3 states and the degrees of freedom is (C ¡ 1) 2 = 4.
Step 3 : If the value obtained is statistically significant, it means that the price changes " j;t+1 are not independent and a higher order Markov process (order¡1) should be modeled. For an order¡1 Markov process, the Chi-square test statistic is calculated as follows:
, where O ijk is the observed number of occurrences of trigram "ijk". E ijk is the expected number of occurrences of the trigram "ijk", de…ned as follows:
In case of O :jk the trigram will begin with any "symbol" (that is 1, 2 or 3), but will end with a specific digram jk. In case of O ij: the trigram begins with a specific digram "ij", but ends with any symbol. Finally, in case of O :j: the trigram begins and ends with any symbol, but has a specific symbol in the middle. The degrees of freedom for this order¡1 Markov process test for trigrams is C(C¡1) 2 = 3(3¡1) 2 = 12. If the calculated Chi-square value is still significant, we perform an order¡2 Markov analysis.
Step 4 : For an order¡2 Markov process, the Chi-square test statistic is calculated as follows:
where E ijkl , the expected number of occurrences of the tetragram "ijkl" is de…ned as:
The degrees of freedom for this order-2 Markov process Chi-square test on trigrams is
If the calculated Chi-square value is statistically significant, an order¡3 Markov process would be performed, etc.
3.5.1. Chi-square Test Results. Using category price change transition (CPCT) arrays, Table 11 shows that only the price changes of Hong Kong and Singapore are insignificant for the order¡0 Markov transition, but the other stock markets show significant order¡0 Markov dependency. Indonesia, Malaysia and Thailand show insignificant order¡1 Markov transitions, with Taiwan still showing a significant order¡1 Markov transition dependency. Only at the order¡2 level Taiwan also shows insignificant dependency.
Thus for Hong Kong and Singapore, using Markov transitions, the independence of weekly price changes is not rejected and Markov transition based predictions would not necessarily show abnormal results. In Indonesia, Malaysia and Thailand buy-sell decisions based on simple Markov models, with a one week serial dependence, could possibly pay o¤. In other words, the pure random walk is rejected, since there is a detectable minor serial dependence structure in the price changes. In Taiwan the residual serial Markov dependence stretches to two weeks. This clearly shows, again, that there is much more complex, although very subtle, pattern structure in these speculative stock market data than the simple random walk hypothesis suggests. 
RANDOMNESS TESTS?
Since we find significant divergences from independence in the weekly price index changes in all six Asian stock markets, these price changes do not behave in the same manner as random events. A random event is one whose outcome is determined purely by chance. For example, like ‡ipping a fair coin (which is an abstraction!), or, the statisticians favorite abstraction, like taking balls from a small urn …lled with colored balls. If we assume that all balls are exactly the same except for color, then each ball is, in this abstract model, equally likely to be chosen, so the selection process is random.
However, we find that the current weekly price changes has already been impacted by a number of previous price changes that have occurred. The precise number of these impacts depends on the size of the temporal window that we detected when we found this divergence from independence. Similarly, the current price change will also impact future price changes.
As Sherry states: "Therefore, it seems likely that once a particular price change has been determined, this determination limits the size of the frequency histogram of potential future price changes." [[46] , p. 202]. The types of …nite constraints placed on the frequency histogram of price changes by this selection of a specific price change is not clear at this point and requires considerable future work. Via a di¤erent route, using prime numbers, the mathematical system theorist Kalman comes to a similar conclusion that the …niteness of the real world eliminates the possibility of actually observing true randomness. [21] , [23] , [22] .
Thus it does not make much sense to test for pure randomness, when true randomness is impossible to observe. The abstraction of the true randomness cannot function even as a nul hypothesis. The observation of particular dependent price changes conditions and limits the observable distribution, which may be "random" only within the constraints of the new frequency histogram. The observable distribution can only be conditionally and not unconditionally "random." 18 
CONCLUSIONS
All test results of this paper have been summarized in Table 12 . From Table  12 , we conclude that, like the Dow Jones Industrial Index of the New York Stock Exchange, the indices of the six Asian stock markets in the region do not pass all the e¢ciency tests of [46] . For these stock markets the random walk hypothesis of market pricing is soundly rejected. However, these Asian stock markets demonstrate di¤erent degrees and dimensions of e¢ciency. We are therefore tempted to rank the Asian stock markets according to the number of Sherry's e¢ciency tests each passes.
On that admittedly oversimpli…ed score, Singapore appears to be the most e¢-cient of the six Asian stock markets. Qua level of market e¢ciency, as measured by Sherry's scores, Singapore is followed by Thailand, Indonesia, Malaysia, Hong Kong and Taiwan, respectively.
Since the Hong Kong and Taiwan stock markets show nonstationary distributions for their weekly price changes, their trading regimes and pricing processes are inconsistent over time. Technical analysis is unlikely to work in these stock markets, because the underlying rules that generate the time series of prices change from time to time without warning. For example, this year the government of Hong Kong suddenly threw its previous free-market philosophy to the wind and in August 1998 massively purchased stocks in the Hong Kong stock market. These markets are ine¢cient, because in these two Asian stock markets investors face both maximum uncertainty (= Dirac delta type discontinuities of regime shifts) and divergence from independence (= unfair games).
In contrast, Indonesia, Malaysia, Singapore and Thailand produce stationary weekly price changes, which are serially dependent. Their underlying trading rules generate price changes which demonstrate both consistency and dependence, meaning, first, that these stock markets are ine¢cient because of the serial dependencies 18 In case the reader is curious like we are, all six Asian stock markets show random weekly price changes, using [46] 's direct test. His direct test is to divide the data series of the weekly price changes into odd and even changes, the "odd half" and the "even half". Create a frequency table for each half and convert these tables into densities by dividing the frequency of occurrences in each bin by the total number of price changes. Construct cumulative density distributions with the percentile graphs with the 45 o line and conduct the usual Chi-square test, as in Section 3.1, using the odd price changes as expected and the even price changes as observed, or vice versa. Of course, these weekly price changes are nonrandom based on the indirect tests which reveal the time-dependencies. Lag-3 n n n n n n Lag-4 n n n n n n Lag-5 n n n n n n Category PT Matrices Digrams n n n b n n Trigrams n n n . n n Quadgrams n n n . n n Figure 14 and, second, that in these stock markets technical analysis likely succeeds in identifying potential low risk/high reward trades. The degree of uncertainty in these four markets is less than in Hong Kong or Taiwan, although there is divergence from independence of the price changes (= unfair games). But in these markets most of the available information about future price changes can be obtained by studying their past history. The market risk, or price volatility of these markets can thus be properly measured and investment in the detection of financial patterns that might act as signals for buy-sell decisions may pay o¤. Over time, the arbitrage induced by such technical trading rules will force these four stock markets to function more e¢ciently. Of course, there is no absolute guarantee that the governments of Indonesia, Malaysia, Singapore and Thailand will not at some future time interfere in their stock markets and cause regime shifts, i.e. cause their stock markets to be nonstationary like in Hong Kong or Taiwan.
Markov Transition Matrices
In all six Asian stock markets we found significant lag-3, -4 and -5 temporal windows, i.e., trading windows of three, four and …ve weeks, or about one-month duration. Specifically, in Indonesia, Malysia and Thailand the price changes followed zero-order Markov processes, while in Taiwan, the price changes followed (non-stationary) first-order Markov processes. These weekly Markov-type price change processes could pro…tably have been exploited by Kalman filtering.
The main limitation of Sherry's methodology and therefore of the current paper is the limited frequency of observation on the Asian stock market price indices. This paper used only weekly price changes and its conclusions hold true for only this data frequency. By focusing on daily or even much higher frequency data, e.g. tick-by-tick, a much more refined picture of the e¢ciency of the Asian stock markets is likely to be established. Another limitation is the subjective level of resolution of the observations and of the resulting density distributions and tests we are forced to accept by adopting Sherry's nonparametric and nonlinear methods of analysis.
Therefore, e¢cient (orthogonal) and systematic multi-level resolution by encompassing wavelet analysis of high frequency speculative market data should be the next step in this line of research into the statistical, microstructural characteristics of the pricing mechanisms of Asian stock markets. Wavelet analysis will not give all the answers, but they are likely to force us to ask the right questions. Instead of producing one subjective resolution of the data in time or frequency, as we've done have done in this paper, it produces a multiresolution visualization of the data, broken down not only qua various localizations in time, i.e., by di¤erent dyadically linked time windows, but also qua various frequencies, i.e., by di¤erent dyadically linked frequency windows or bandwidths. 
